Cahier 2002-17

Testing Mean-Variance Efficiency in CAPM with
Possibly Non-Gaussian Errors : An Exact
Simulation-Based Approach

BEAULIEU, Marie-Christine
DUFOUR, Jean-Marie
KHALAF, Lynda

Université l'H‘\

de Montréal




Département de sciences économiques
Université de Montréal

Faculté des arts et des sciences

C.P. 6128, succursale Centre-Ville
Montréal (Québec) H3C 3J7

Canada

http://www.sceco.umontreal.ca
SCECO-information@UMontreal. CA
Téléphone : (514) 343-6539
Télécopieur : (514) 343-7221

Ce cahier a également été publié par le Centre interuniversitaire de recherche en
¢conomie quantitative (CIREQ) sous le numéro 17-2002.

This working paper was also published by the Center for Interuniversity Research in
Quantitative Economics (CIREQ), under number 17-2002.

ISSN 0709-9231



Testing mean-variance efficiency in CAPM with possibly
non-gaussian errors. an exact simulation-based approach *
Marie-Claude Beaulieu ' Jean-Marie Dufour * Lynda Khalaf

First version: October 2001
Thisversion: September 2002

* This work was supported by the Canada Research Chair Program (Chair in Econometrics, Université de Mon-
trédl), the Alexander-von-Humbol dt Foundation (Germany), the Ingtitut de Finance mathématique de Montréal (IFM2),
the Canadian Network of Centres of Excellence [program on Mathematics of Information Technology and Complex Sys-
tems (MITACS)], the Canada Council for the Arts (Killam Fellowship), the Natural Sciences and Engineering Research
Council of Canada, the Social Sciences and Humanities Research Council of Canada, and the Fonds FCAR (Government
of Québec). This paper was also partly written at the Centre de recherche en Economie et Statistique (INSEE, Paris) and
the Technische Universitdt Dresden (Fakultét Wirtschaftswissenschaften). The authors thank Christian Gouriéroux and
Raymond Kan for several useful comments as well as seminar participants at the 2000 EC? meetings, CREST (Paris),
the University of British Columbia, the University of Toronto, the 2001 Canadian Economic Association meetings, and
CIRANO.

t Centre Interuniversitaire de Recherche sur les Politiques Economiques et I’'Emploi (CIRPEE) and Département
de finance et assurance, Pavillon Palasis-Prince, local 3632, Université Laval, Québec, Canada G1K 7P4. TEL: (418)
656-2131-2926, FAX: (418) 656-2624. email: Marie-Claude.Beaulieu@fas.ulaval.ca

* Canada Research Chair Holder (Econometrics). Centre interuniversitaire de recherche en analyse des organisa-
tions (CIRANO), Centre interuniversitaire de recherche en économie quantitative (CIREQ), and Département de sciences
économiques, Université de Montréal. Mailing address: Département de sciences économiques, Université de Montréal,
C.P. 6128 succursale Centre-ville, Montréal, Québec, Canada H3C 3J7. TEL: 1 514 343 2400; FAX: 1 514 343 5831;
e-mail: jean.marie.dufour@umontreal.ca. Web page: http://www.fas.umontreal .cad SCECO/Dufour .

§ Centre interuniversitaire de recherche en économie quantitative (CIREQ), and GREEN, Université Laval, Pavil-
lon J-A. De Séve, St. Foy, Québec, Canada, G1K 7P4. TEL: (418) 656 2131-2409; FAX: (418) 656 7412. email:
lynda.khal af @ecn.ulaval .ca



ABSTRACT

In this paper we propose exact likelihood-based mean-variance efficiency tests of the market
portfolio in the context of Capital Asset Pricing Model (CAPM), alowing for awide class of error
distributions which include normality as a special case. These tests are developed in the frame-
work of multivariate linear regressions (MLR). It is well known however that despite their simple
statistical structure, standard asymptotically justified MLR-based tests are unreliable. In financial
econometrics, exact tests have been proposed for a few specific hypotheses [Jobson and Korkie
(Journal of Financial Economics, 1982), MacKinlay (Journal of Financial Economics, 1987), Gib-
bons, Ross and Shanken (Econometrica, 1989), Zhou (Journal of Finance 1993)], most of which
depend on normality. For the gaussian model, our tests correspond to Gibbons, Ross and Shanken's
mean-variance efficiency tests. In non-gaussian contexts, we reconsider mean-variance efficiency
tests allowing for multivariate Student-t and gaussian mixture errors. Our framework allows to cast
more evidence on whether the normality assumption is too restrictive when testing the CAPM. We
al so propose exact multivariate diagnostic checks (including tests for multivariate GARCH and mul-
tivariate generalization of the well known variance ratio tests) and goodness of fit tests aswell asa
set estimate for the intervening nuisance parameters. Our results [over five-year subperiods] show
the following: (i) multivariate normality is rejected in most subperiods, (ii) residual checks reveal
no significant departures from the multivariatei.i.d. assumption, and (iii) mean-variance efficiency
tests of the market portfolio is not rejected as frequently once it is allowed for the possibility of
non-normal errors.

Key words:. capital asset pricing model; CAPM; mean-variance efficiency; non-normality; multi-
variatelinear regression; uniform linear hypothesis; exact test; Monte Carlo test; bootstrap; nuisance
parameters; specification test; diagnostics; GARCH; variance ratio test.

Journal of Economic Literature classification: C3; C12; C33; C15; G1; G12; G14.



RESUME

Dans cet article nous proposons des tests exacts, basés sur la vraisemblance, de I’ efficience
du portefeuille de marché dans I’ espace moyenne-variance. Ces tests, utilisés ici dans le contexte
du modele du CAPM (Capital Asset Pricing Model), permettent de considérer diverses classes de
distributions incluant laloi normale. Les tests sont développés dans le cadre de modél es de régres-
sion linéaires multivariés (RLM). Il est, par ailleurs, bien établi que, malgré leur structure ssimple,
les écart-types et tests usuels asymptotiques de ces modéles ne sont pas fiables. En économétrie
financiére, des tests en échantillons finis ont été proposés pour quelques hypothéses spécifiques,
lesquels dépendent pour la plupart de I hypothése de normalité [Jobson et Korkie (Journal of Fi-
nancial Economics, 1982), MacKinlay (Journa of Financial Economics, 1987), Gibbons, Ross
et Shanken (Econometrica, 1989), Zhou (Journal of Finance 1993)]. Dans le contexte gaussien,
nos tests d’ efficience correspondent a ceux de Gibbons, Ross et Shanken. Dans un contexte non-
gaussien, nous reconsidérons I’ efficience moyenne-variance du portefeuille de marché en permet-
tant des distributions multivariées de Student et des « mélanges de lois normales ». Notre démarche
nous permet d’ évaluer si I’ hypothese de normalité est trop restrictive lorsque I’ on teste le CAPM.
Nous proposons aussi des tests diagnostiques multivariés (incluant destests pour les effets GARCH
multivariés et une généralisation multivariée des tests de ratio de variance), des tests de spécifica-
tion ains qu’un estimateur ensembliste pour les paramétres de nuisance pertinents. Nos résultats
montrent gque i) I hypothése de normalité multivariée est rejetée sur la plupart des sous-périodes,
i) les tests diagnostiques appliqués aux résidus de nos estimations ne montrent pas de différences
importantes par rapport a |’ hypothése des erreursi.i.d. multivariées, et iii) les tests d' efficience du
portefeuille de marché dans I’ espace moyenne-variance ne rejettent aussi fréquemment |” hypothése
d’ efficience lorsgqu’ on s autorise a considérer des lois non normales sur les erreurs.

Mots-clefs:. modéle d évaluation d'actifs financiers; CAPM; efficience de portefeuille; non-
normalité; modéle de régression multivarié; hypothése linéaire uniforme; test exact; test de Monte
Carlo; bootstrap; paramétres de nuisance; test de spécification; tests diagnostiques; GARCH; test
deratio des variances.

Classification du Journal of Economic Literature; C3; C12; C33; C15; G1; G12; G14.
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1. Introduction

The capital asset pricing model (CAPM) is one of the most commonly used modelsin asset-pricing
theory and practice. The associated empirical literature is enormous: reviews and references may
be found in Campbell, Lo and MacKinlay (1997, Chapters 5 and 6) and Shanken (1996). Since the
work of Gibbons (1982), empirical tests of the CAPM are usually conducted within the multivariate
linear regression (MLR) framework. Statistical inference for the MLR model in econometrics and
empirical financeisusually based either on asymptotic approximations or on finite-sampl e distribu-
tional theory.

Concerning the first approach, several studies in the econometrics and finance literatures have
shown that standard asymptotic theory provides a poor approximation to the finite-sample distribu-
tion of MLR-based tests, even with fairly large samples; see Shanken (1996, Section 3.4.2), Camp-
bell et al. (1997, Chapter 5), Dufour and Khalaf (2002d), and the references therein. In particular,
test size distortions grow quickly as the number of equationsincreases. As aresult, the conclusions
of financial MLR-based empirical studies on the CAPM can be strongly affected and may lead to
spurious rejections.

In this context, as emphasized by Shanken (1996) and Campbell et al. (1997), applying finite-
sampl e statistical methods appears to be important. As aresult, anumber of authors have proposed
tests based on afinite-sample distributional theory in order to assess the CAPM; see Jobson and Ko-
rkie (1982), MacKinlay (1987), Gibbons, Ross and Shanken (1989, henceforth GRS), Zhou (1991)
and Stewart (1997). These proposals are based on exploiting results from the statistical literature on
multivariate analysis-of-variance, in particular Hotelling's 7" statistic which may be transformed
into a statistic with a Fisher distribution [see, for example, Anderson (1984, chapters 8 and 13) and
Rao (1973, chapter 8)]. These results, however, are based on the assumption that the errors in the
CAPM follow a gaussian distribution. This may provide valid tests of a gaussian CAPM satisfying
mean-variance efficiency but not of alternative similarly restricted non-gaussian CAPM. Rejections
of mean-variance efficiency by such tests may be interpreted as a rejection of normality, instead of
the CAPM relationships. Further, the CAPM can be derived from an expected utility maximization
under avariety of distributional assumptions on the cross-sectional distribution of the returns, which
include the gaussian distribution, but aso several non-gaussian distributions such as the multivariate
Student-¢, normal mixtures, elliptically symmetric distributions, etc.

It has long been recognized that financia returns do not exhibit normality [see, for example,
Fama (1965), Baillie and Bollerdev (1998) and Beaulieu (1998)]. Consequently, it appears that the
appropriateness of the multinormal assumption should be tested in statistical analysis of the CAPM
and, eventually, valid testsfor non-gaussian CAPM should be put forward. Of course, the normality
assumption can usually be relaxed by considering large-sample procedures based on the central limit
theorem (such as GMM procedures) or bootstrap techniques (to get better finite-sample behavior);
for some examples in the context of the CAPM, see Affleck-Graves and McDonald (1989), Fama

YFor discussions of the class of return distributions compatible with the CAPM, the reader may consult Ross (1978),
Chamberlain (1983), Ingersoll (1987, Chapter 4), Nielsen (1990), Allingham (1991) and Berk (1997). Another possibility
would consist in considering stable Paretian laws; see Samuelson (1967). However, since stable distributions other the
normal distribution do not have finite second moments, this requires replacing the variance of a portfolio by another
measure of risk.



and French (1993) and Groenwold and Fraser (2001). But asymptotically-based procedures can
only be asolution of last resort, which is always fundamentally unsatisfactory: there is no guarantee
that the level or the size of the test is controlled and what can be legitimately rejected by such a
procedure typically remains unclear [for further discussion of these issues, see Dufour (1997) and
Dufour and Khalaf (2001)].

Clearly, it would be much more satisfactory to have finite-sample tests that alow for non-
gaussian errors. But there has been very little work on thisissue. The main contribution on this
important problem appears to be due to Zhou (1993). In asemina paper, this author reconsidered
the GRS problem under elliptical distributions and, on observing some invariance properties of the
Hotelling statistic for testing mean-variance efficiency, suggested the use of a simulation procedure
to approximate the appropriate p-values. To the best of our knowledge, no other non-asymptotic re-
sult that does not impose normality appearsto be available for the CAPM model with an observable
risk-free return.?. Zhou (1993) aso provided formal tests of multinormality and other elliptically
symmetric distributions. these are based on the statistics proposed by Mardia (1970) for the multi-
variate location-scale model, i.e. a MLR where the regressor matrix reduces to a vector of ones _
without however providing finite-sample adjustmentsto deal with the fact that the tests were applied
to regression residuals.®

In this paper, we pursue the work of Zhou (1993) in several directions. The objective is to
propose exact finite-sample tests for possibly non-gaussian versions of the CAPM. The procedures
suggested involve testing both the usual cross-equation parameter restrictions entailed by the CAPM
aswell as various specification tests, including tests of normality and distributional goodness-of-fit,
tests against the presence of ARCH effects and serial dependence, which all take into account the
multivariate nature of the model. To be more specific, our contributions can be classified in five
categories.

First, we reconsider the problem of building exact tests of mean-variance efficiency in non-
gaussian set-ups, using Monte Carlo (MC) test techniques. The procedures we propose for that pur-
pose are based on the finite-sample methods described in Dufour and Khalaf (2002d) for hypothesis
testing in MLR models. The latter allow one to test linear restrictions on MLR models using a
wide array of multivariate test statistics _ such as the gaussian LR criterion [or the Wilks (1932)
statistic], the Lawley-Hotelling (LH) trace criterion, the Bartlett-Nanda-Pillai (BNP) trace criterion,
or the maximum root (MR) criterion _ under general parametric distributional assumptions, which
include, besides the gaussian distribution, awide spectrum of non-gaussian distributions, both ellip-
tically symmetric and non-elliptical. In particular, in the case of uniform linear (UL) restrictions,*
all standard test statistics have null distributions which are free of nuisance parameters as long the
error distribution is specified up to an unknown linear transformation, so that Monte Carlo (MC)
test techniques [originally proposed by Dwass (1957) and Barnard (1963)] can be applied to obtain

2There has aso been work on finite-sample inference for the CAPM model without an observable risk-free asset
(Black’'s CAPM); see Shanken (1986), Zhou (1991, 1995) and Velu and Zhou (1999). This problem goes beyond the
scope of the present paper, but we reconsider it in Beaulieu, Dufour and Khalaf (2001).

3This limitation is pointed out by Zhou (1993, page 1935, footnote 5).

“Examples of UL hypotheses include: (i) identical transformations of the regression coefficients (within or across
equations) are equal to given values, (ii) the coefficients of the same regressor are zero across equations, and (iii) asingle
parameter equals zero; see also Berndt and Savin (1977) and Stewart (1997).



provably exact tests even with avery small number of MC replications[such as 19 replications for a
test of level 5%; see Dufour and Khalaf (2001)]. Thefact that the relevant analytical distributionsare
complicated is not a problem: the only requirement is the possibility of simulating the test statistic
under the null hypothesis. On observing that standard CAPM mean-variance efficiency restrictions
take the UL form when the risk-free rate is observable, we show that the latter can be tested in this
way under quite genera distributional assumptions, which include all éliptical distributions. Both
single and multi-beta portfolios are covered by these results.

Second, in conformity with standard and recent mean-variance efficiency theoretical set-ups,
we focus for practical applications on two families of distributions: (1) multivariate Student-¢ dis-
tributions, and (2) mixtures of two normal distributions. Both these families raise a nuisance pa
rameter problem: the number of degrees of freedom, for the multivariate Student-¢; the probability-
of-mixing and ratio-of-scale parameters for the normal mixtures. To dea with this problem [not
considered by Zhou (1993)], we propose a two-stage confidence procedure similar to the ones used
in Dufour (1990) and Dufour and Kiviet (1996). First, one builds an exact confidence set for the
nuisance parameter, through the “inversion” of a distributional goodness-of-fit (GF) test (described
below). Second, the MC p-value for the hypothesis of interest (which depends on the nuisance pa-
rameter) is maximized over this confidence set. Provided the significance levels used at the different
steps of the procedure satisfy a simple inequality, this two-stage procedure yields an exact test that
controls for the presence of the nuisance parameters considered.® In this way, we formally deal
with the (often ignored) problem of the joint characteristic of the null hypothesis which imposes
distributional constraints, in addition to the restrictions on the regression coefficients.

Third, we propose and apply exact multivariate goodness-of-fit (GF) tests. As emphasized by
Richardson and Smith (1993) who considered tests for departures from normality, it is crucia in
ML R-based financial modelsto consider multivariate tests of asset returns which explicitly take the
error covariance into consideration. In order to obtain provably valid tests within the MLR frame-
work, we adjust the tests proposed by Mardia (1970) and Zhou (1993), and we propose an exact GF
test of the hypothesized error distributions (multivariate normal, Student-t¢ error and normal mix-
tures, with possibly unknown parameters).® The test is based on comparing multivariate skewness
and kurtosis criteria to a simulation-based estimate of their expected value under the hypothesized
distribution and is implemented as a MC test. Although the GF test is used, as explained above, to
obtain a confidence set for the intervening distributional parameters, we note that the test is new and
to our knowledge, no other exact test for these distributions is available. Beside its relevance for the
present paper, thistest would be quite useful as a specification check in empirical finance, given the
popularity of the Student-¢ distribution.

Fourth, we conduct exact multivariate residual-based diagnostic tests for departures from the
maintained hypothesis of i.i.d. disturbances. As with normality tests, concerns over cross-

5This procedure may beinterpreted asaspecial form of “maximized MC” (MMC) test [see Dufour (2002)]. For further
discussions of MMC tests in econometrics, see Dufour and Khalaf (2001, 2002c). In nuisance parameter dependent
problems, atest is exact at level « if the largest rejection probability over the nuisance parameter space consistent with
the null hypothesisis not greater at o [see Lehmann (1986, sections 3.1, 3.5)].

®Regarding normality tests, available empirical evidence for monthly data (on which we focus) is mixed. For instance,
whereas the results of Campbell et al. (1997) and Affleck-Graves and McDonald (1989) suggest that normality is not
rejected often at monthly frequencies, the tests conducted by Richardson and Smith (1993) provide more firm rejections.



correlations of portfolio returns has been the subject of several studies [e.g., Richardson and Smith
(1993) and Shanken (1990)]. For these problems, standard multivariate approaches [including
Richardson and Smith (1993) and Shanken (1990)] are asymptotic. In spite of the well known
problems associated with such an approach, reliance on asymptoticsis not surprising in the absence
of applicable exact results.” In view of the fact that CAPM tests may be sensitive to the presence
of GARCH-type heteroskedasticity [see MacKinlay and Richardson (1991)], we first consider tests
against multivariate GARCH effects, in the spirit of those proposed in Shanken (1990). Our proce-
dures differ from Shanken’sin two basic aspects. First, our tests are based on properly standardized
OL Sresidualsto ensure invariance to the error-covariance matrix. Second, we combine tests across
equations using an exact simulation-based procedure [similar to the one used in Dufour and K halaf
(2002b)] which does not call for using Bonferroni level adjustment. Bonferroni-based combined
tests require one to divide the level of each individual test by the number of tests[see Dufour (1990)
or Shanken (1990)]. Although this can provide guarantees against certain types of specification er-
rors [see Dufour and Torrés (1998)], it can aso yield utterly conservative tests if the MLR includes
many equations (i.e., many portfolios), leading to possibly large power losses. Following the exact
strategy we applied to test the significance of the CAPM intercepts, we also consider multivariate
Student-¢ errors and multivariate normal mixtures with possibly unknown parameters; this allows
oneto test whether GARCH effectsare still prevalent, eveniif fat tails are formally modelled into the
error distribution. The second class of tests we study are multivariate generalizations of the popular
variance ratio tests. Using the same residual standardization and the simulation-based combination
strategy proposed for the GARCH test, we show how these very useful tests can be applied exactly,
in a multivariate set-up. We emphasize that the usefulness of these new tests extends beyond the
specific applications studied here.

Fifth, the tests proposed are applied to the CAPM with observable risk-free rates. We con-
sider monthly returns on New York Stock Exchange (NY SE) portfolios, which we construct from
the University of Chicago Center for Research in Security Prices (CRSP) 1926-1995 data base.
Our results allow to compare test results for asymptotic statistics and exact tests under normality.
Furthermore we can also compare exact p-values for different elliptical distributions. We explain
why non-rejections obtained under a gaussian distributional assumption may formally be treated
as conclusive from our viewpoint (recall, of course, that we formally combine GF with efficiency
tests here). Our results (over five-year subperiods) show the following: (i) multivariate normality is
rejected in most subperiods, (ii) multivariate residual checks reveal no significant departures from
the i.i.d. assumption, and (iii) mean-variance efficiency of the market portfolio is not rejected as
frequently onceit is alowed for the possibility of non-normal errors.

The paper is organized as follows. Section 2 describes the statistical framework studied. In
Section 3, we describe the existing test procedures and we show how extensions allowing for non-
normal distributions can be obtained. In Section 4, we present extensions to error distributions
involving nuisance parameters. Exact GF and diagnostic tests are proposed in Section 5. In Section
6 we report the empirical results. Section 7 concludes and discusses extensions to other asset pricing

"Indeed, this problem is not exclusive to financial applications: our review of the statistics and econometrics literature
has revealed that exact multivariate specification tests which take the error covariance explicitly into consideration are
quite rare; see Dufour, Khalaf and Beaulieu (2001).



tests.

2. Framework

The fundamental finance problem we focus on here involves testing the mean-variance efficiency of
acandidate benchmark portfolio. Let R;;,i = 1, ... , n, bereturnson n securitiesfor period ¢, and
R, the returns on the market portfolio under consideration (t = 1, ..., T). If these variables
satisfy atemporally stable CAPM, the following relations must hold:

T’it:bi?Mt'i_uity tzl,...,T,z’zl,...,n, (21)

where riy = Ry — RE, 7wy = Rwe — RE, RE istheriskless rate of return, and w;; is a random
disturbance. Following Gibbons et al. (1989), this can be cast asa MLR model of the form

i =a; Fbirme +u, t=1,....T,i=1,...,n, (2.2)
on which the following restrictions have been imposed:
Hco:a0;,=0, i=1,...,n, (2.3)

i.e., theintercepts a; arejointly equal to zero.
The above model is aspecial case of the MLR model:

Y =XB+U (2.4
whereY = [Y1, ..., Y] isT x n matrix of dependent variables, X isaT x k full-column rank
matrix of regressors, and

U=1[U, ..., U =[Vi, ..., Vg (2.5)

isaT x n matrix of random disturbances which are independent of X (so that we can easily
condition on X and take X as fixed for statistical analysis). In this framework, the CAPM-based
restriction H- belong to the class of so-called uniformlinear (UL) restrictions, i.e. it has the form

Hy: HBE = D (2.6)

where H isan h x k£ matrix of rank A and £ isan n x e matrix of rank e. Thisis relevant because
H¢ isaspecial case of Hy. Indeed, rewriting (2.2) asin (2.4) with

Y = [r,...,m), X =[r, ™™],

ri = Py, rri) s ™m= T, .., tem), =1, ..., 1),

we see that H can be written as (1, 0) B = 0, which correspondsto Hy with H = (1, 0), E = I,
and D = 0. For further discussion of the MLR model, the reader may consult Anderson (1984,
chapters 8 and 13), Berndt and Savin (1977), Dufour and Khalaf (2002d), Kariya (1985), Kariya
and Kim (1997), Rao (1973, chapter 8) and Stewart (1997). In particular, it is worthwhile to note



that standard exact methods for testing hypotheses of the form Hj rely on the assumption that the
disturbance vectors arei.i.d. gaussian, namely:8

Vi, ..., Vpareiid. N[0, X]. 2.7)

The CAPM can de derived from an expected utility maximization under avariety of assumptions
on the cross-sectional distribution of returns, which include the gaussian distribution, the multivari-
ate Student ¢, mixtures of normals, etc. [see Ingersoll (1987) and Berk (1997)]. In view of the
available statistical methods, the standard assumption under which finite-sample tests have been
proposed is (2.7). However, since security returns tend to follow more heavy-tailed distribution
than the normal, this may be unduly restrictive.

In this paper, we use a more comprehensive statistical theory [developed in Dufour and Khalaf
(2002d)] which allows one to easily obtain finite-sample tests under alternative error distributions.
More precisely, we consider the general case:

Vi=JW,,t=1,..., T, (2.8)

where J is an unknown, non-singular matrix and the distribution of the vector w =
vec (W1, ... , Wr) is either: (i) known (hence, free of nuisance parameters), or (ii) specified
up to an unknown nuisance-parameter. We call w the vector of normalized disturbances and its
distribution the normalized disturbance distribution. This set-up includes as a special case thei.i.d.
gaussian or the (more general) elliptical symmetry assumption as well as many other distributional
set-ups(e.g., caseswhere Wy, ... , Wy arei.i.d. according to an arbitrary heavy-tailed distribution,
which may not be eliptically symmetric).

In conformity with standard and recent mean-variance efficiency theoretical set-ups, we will
now focus on two families of distributions consistent with both CAPM theory and the statistical
framework just described: (1) multivariate Student-¢ distributions, and (2) mixtures of two normal
distributions. Let us denote these two distributions F; (W) and F2 (W) respectively. We say that:

Wi ~ Fi(k) & Wi = Zi)(Zor/5)V?, (2.9)

where Z1; ~ N|0, I,,] _i.e. Z1; ismultivariate normal with mean 0 and covariance matrix 1,, _ and
Zat ~ x%(x) and isindependent of Z;;; and

Wy~ Fo(m, w) & Wy =nZy + (1 —m)Zs (2.10)

where Z3; ~ N[0, wl,] and is independent of Z;;, and 0 < 7 < 1. As mentioned in the intro-
duction, we focus on these families of distributions for the following reasons. (i) from an empirical

8]t isalso possible to show that the gaussian-based distributional theory still |eads to valid tests under the more general
assumption of that the distribution of U isjointly elliptically symmetric; see Kariya (1985) and Kariya and Kim (1997).
However, except in gaussian case, this assumption has the unattractive feature of precluding independence between the
vectors Vi, ... , Vp, even if each vector V; follows an eliptically symmetric distribution. For further discussion of
dliptically symmetric distributions, see Kelker (1970), Chmielevsky (1981), Owen and Rabinovitch (1983) and Dufour
and Roy (1985).



perspective, financial return data typically displays spikes and fat tails [Fama (1965)] and, (ii) on
theoretical grounds, the multivariate Student ¢ and this specific mixture-of-normals are return dis-
tributions consistent with expected utility maximization. For further reference, we shall use the
following notation:

Wy~ Fi(v), i=1,2, (2.12)
where
=K, if W, satisfies (2.9),
= (m,w), if W, satisfies(2.10).

14

3. Mean-variance efficiency tests with a known normalized distur-
bance distribution

In this section, we study the case where the nuisance parameter v is specified by the null hypothesis.
Extensions to unknown v are presented in Section 4. Note that no further regularity conditions are
required for most of our proposed statistical procedures, not even the existence of second moments.
Yet the latter hypothesis is typically maintained in CAPM contexts. In this case, the covariance
matrix of V; is X = JJ and det(X) # 0.

One of the most commonly used statisticsto test H¢ in (2.3) [indeed, to test any UL hypothesis]
isthe gaussian quasi maximum likelihood (QMLE) based criterion:

LR =T In(A), A=|2c|/|2]|, (3.12)

where X = U'U/T,U =Y — XB, B= (X'X)"'X'Y and ¥ isthe gaussian QMLE under H.
In Theorem A.1 of Appendix A.1, we provide the exact null distribution of the latter statistic under
(2.4), (2.8) and the general UL hypothesis (2.6). Two results regarding this distribution are worth

noting.
First, under (2.8), the distribution does not depend on B and X' and thus may easily be simulated
if draws from the distribution of Wy, ... , W areavailable. This entails that a Monte Carlo exact

test procedure may be easily applied based on LR. The general simulation-based algorithm which
allows to obtain a MC size-correct exact p-value for al hypotheses conforming with (2.8) may be
summarized as follows. Using the distributional assumption (2.11), generate N i.i.d. replications of
the disturbance matrix W = [W1, ... , Wyp]. Thisyields N simulated values of the test statistic.
The exact Monte Carlo p-value is then calculated from the rank of the observed LR relative to the
simulated ones. Further details on Monte Carlo tests are presented in Appendix B.

Second, results specific to the gaussian special case of (2.8) lead to the F-tests used by GRS.
Formally, if min(h, e) < 2whereh = rank (H) and e = rank(FE), then a(monotonic) transforma-
tion of LR follows the F-distribution with known degrees-of-freedom; see (A.4) in Appendix A.l.
Obvioudly, thisisrelevant since H corresponds to min(h, e) = 1.

For the CAPM problem, Theorem A.1 in Appendix A.1 alows one to characterize the null
distribution of LR for all error distributions which satisfy (2.8), as follows.



Theorem 3.1 DISTRIBUTION OF THE QUASI-LR CAPM TEST STATISTIC. Under (2.2), (2.3)
and (2.8), the LR statistic defined by (3.12) is distributed like

LW)=T In(|WMW|/|W MW]|)
where
M=1-X(X'X)"'X', My=M +X(X'X)" H'[H(X'X)""H] " H(X'X)"'X/,
H istherow vector (1, 0)and W = [W1, ..., Wr] .

Inthe present case, we have My = I — 7y (7m'Tm) ~ 17}, Notethat Theorem 3.1 also allows one
to characterize the null distribution of LR in multi-beta efficiency tests problems. In other words,
we can also useit to test H¢ in the context of

S
rit:ai—i—ijﬁjt—i—uit, t=1,...,7,1=1,...,n, (3.13)

j=1
where 7j; = Rj; — R and Rj;, j = 1, ..., s, are returns on s benchmark portfolios. In this
case, the null distribution of the statistic defined by (3.12) obtains as in Theorem 3.1 where X =
ler, T1, .., Ts), 75 = (T1j, ..., T1;)’, and H isthe (s+1)-dimensional row vector (1, 0, ..., 0).

It is of interest to relate Theorem 3.1 to the available non-asymptotic tests of mean-variance
efficiency, i.e.: (i) the GRS test, and (ii) the simulation-based test proposed by Zhou (1993). When
errorsaregaussianand 7' — s — n > 1, Theorem 3.1 and (A.4) entail that

(T —s—mn)

which yieldsthe Hotelling 72 test proposed by MacKinlay (1987) and Gibbonset al. (1989). Specif-
icaly, GRS suggest the following test statistic:

(A=1)~F(n,T—s—mn),

Q= — (3.14)

where a isthe vector of intercept OL S estimates, %E isthe OL S-based unbiased estimator of 3,
7 and A include respectively the time-series-means and sample covariance matrix corresponding
to the right-hand-side portfolio returns. Under (2.3), Q follows the Hotelling 7%(n, T — s — 1)
distribution or equivalently,

(T —s—n)

n(T_S_l)QNF(n,T—s—n) (3.15)



where Q and A are related by a monotonic transformation:

Q

Ao1=—% .
T—s5—1"

(3.16)
see Stewart (1995, 1997). Wethus seethat GRS 'sresultsfollow from Theorem 3.1 under the special
case of normal errors.

To the best of our knowledge, the first study proposing useful finite-sample tests of mean-
variance efficiency within a non-gaussian MLR is due to Zhou (1993), who reconsidered the GRS
problem in models with éliptical distributions. In this context, Zhou demonstrates exact loca
tion/scale invariance of the GRS-type efficiency test statistic and exploits this property to approxi-
mate the relevant critical value by ssmulation (in applications, Zhou used 10000 replications). From
Theorem 3.1, we see that the required pivotality property holds under conditions much more general
than elliptical symmetry. Further, from the general theory of Monte Carlo tests (Appendix B), we
observe that the size of a simulation-based test can be perfectly controlled even with a very small
number of Monte Carlo replications (provided it is implemented in the right way): for example,
19 replications are sufficient to obtain atest of size .05, although of course larger number of repli-
cations can also be employed [such as 39, 59, 79, 99, 119, ... ,for atest of size .05]. For power
considerations, there is in principle an advantage in using a larger number of replication, but the
power gain from using a number of replications larger than 100 or 200 istypically small; for further
discussion and evidence on thisissue, see Dwass (1957), Jockel (1986), Dufour, Farhat, Gardiol and
Khalaf (1998), Dufour (2002) and Dufour and Khalaf (2002b, 2002d).

Anather problem _ which is not solved by Zhou (1993) or the above results__ consistsin testing
mean-variance efficiency when the error distribution has nuisance parameters which do not dis-
appear from the null distribution of the test statistic. Theorem 3.1 simply ensures location-scale
invariance (i.e., invariance to B and X), which yields pivotality (for v given) and allows the re-
dization of an exact MC test. However, if v is not specified, it will typically appear in the null
distribution of the test statistic. We consider this case in the next section. Our empirical results
illustrate the importance of formally accounting for such unknown parameters (see Section 6).

4. Mean-variance efficiency tests with an incompletely specified error
distribution

In this section, we extend the above results to a case where the error distribution involves a nuisance
parameter, namely (2.11). At this stage, two points deserve notice. First, for v = v given, the
distributional assumption (2.11) is covered by (2.8). Let Ho(vg) be the conjunction of Ho and
v = vg. Then the MC p-value provided by Theorem 3.1 is exact for the null hypothesis H¢o (o)
provided the corresponding distribution F;(v) is used to perform the simulations of the MC test.
Second, whether v isviewed (from an empirical perspective) as a parameter of interest or anuisance
parameter, it isimportant, for test validity, to devise a decision rule which takes this parameter into
consideration. Otherwise, level control is not assured.



4.1. Two-stage constrained maximized Monte Carlo test

Here we propose a solution based on the finite-sample approach described in Dufour and Kiviet
(1996). The method involves two stages: (1) an exact confidence set is built for v, and (2) the MC
p-value presented above is maximized over all the values of v in the confidence set. We will refer
to the latter test asamaximized MC [MMC] test. It isimportant to note that if atest with level « is
desired, then the pre-test confidence set and the MM C test should be applied with levels 1 — o and
ag, respectively, so that « = a1 4+ as. In the empirical application considered next, we use oy =
ag = af2.

For any confidence set with level 1 — «; for v which we will denote C(Y) where Y refers
to the return data [as in (2.4)], the maximized MC algorithm proceeds as follows. On applying
Theorem 3.1 and the MC agorithm in Appendix B.1, we can obtain for each v € C(Y) aMC
p-value py(Ap|v) [see (B.1), in Appendix B.1]. If we set

Qu(v) = sup pn(Aolv), (4.2
veC(Y)
then the critical region
Quv) < as (4.2)

haslevel a; + ao. The associated test is conservative in the following sense: if indeed Qu (v) < ae
for the sample at hand, then the test is certainly significant at level o = a1 + «s.

Since a procedure to derive an exact confidence set for v is not available, we provide one in
what follows. The maximized MC procedure just presented is however not specific to our proposed
confidence set. Observethat, in principle, the confidence set C(Y") may not be abounded confidence
interval. For proofsand further references, see Dufour (1990), Dufour and Kiviet (1996) and Dufour
(2002).

4.2. Confidence set for error distribution parameters

We now discuss the set estimation method we propose to obtain C(Y"). Given the recent literature
documenting the dramatically poor performance of asymptotic Wald-type confidence intervals [see
for example Dufour (1997), Staiger and Stock (1997), Wang and Zivot (1998)], we prefer to build a
confidence set by “inverting” atest for the null hypothesis (2.11) where v = v for known v.

In Section 5.1, we describe a moment-based method for testing any given value of v in (2.11).
But our proposed set estimate for v ishowever not specific to the latter test, so we present it in terms
of an arbitrary test with level «; for (2.11) and based on a given criterion denoted 7 (Y'), where Y
refersto the return data[asin (2.4)].

The “inversion” of the test 7 (V) is performed as follows. Let 7y(Y") denote the value of the
statistic computed from the observed sample. Obtain the p-value p(7(Y')|vo) conforming with
(2.11). For the GF tests described below, this is achieved on applying MC test techniques. The
confidence set for v corresponds to the values of v, which are not rejected by thetest, i.e. for which
plZo(Y)|vo] > ax.

It isuseful to compare our confidence set M C test with Zhou (1993)’stest. Thisauthor considers
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the multivariate skewness and kurtosis criteria proposed by Mardia (1970) and argues that these cri-
teriamay serveto test for departuresfrom (2.11), if cut-off points are appropriately “approximated”,
e.g. by simulation, assuming (2.11). In view of this, he estimates v as follows: afew values are
retained by trial-and-error techniques (no further details are provided); then skewness and kurtosis
tests are applied which confirm that the values retained do not yield significant lack-of-fit.
Although concerns regarding the possible conservative character of our inference procedure
may not be ruled out, our proposed confidence set is definitely an improvement over available trial
and error methods. From the results of our empirical analysis, we do observe that the estimated
confidence sets are wide, yet the associated efficiency test decision is not adversely affected.

5. Exact diagnostic checks

In this section, we propose multivariate specification tests, including distributional goodness-of-
fit tests and checks for departures from the hypothesis of i.i.d. errors. We present in turn exact
multivariate GF tests (for a given error distribution), tests for multivariate GARCH effects and
multivariate variance ratio (VR) tests. The proposed tests are formally valid for any parametric
error model consistent with (2.8). Such procedures have not apparently been proposed in the earlier
literature on the statistical analysis of MLR models. In conformity with our empirical model, we
focus on (2.11) with possibly unknown parameters.

5.1. Goodness-of-fit tests

The null hypothesis of concern here is (2.11) with v unspecified. We will solve the unknown v
problem by applying a MMC strategy, as follows. We propose a GF criterion which is pivotal
when v is specified by the null hypothesis and thus allows to easily obtain a MC p-value given v.
The GF test is considered significant if the largest MC p-value overall relevant values of v is less
than or equal to the desired significance level. The MMC approach alows one to (jointly) assess
whether Student distributions with different degrees of freedom are empirically relevant; this leads
to aformal estimate for the Student distributions which are consistent with the data. The argument
also holds for multivariate mixtures.

To test the goodness-of -fit of alternative disturbance distributions, we reconsider the multivariate
skewness and kurtosis criteria used by Zhou (1993):

1 T T
SK = ﬁZZdz’t, (5.1)

s=1 t=1

1
KU = = > i, (5.2)
t=1
where d;; are the elements of the matrix

D=US"'U=TUU0'0)"'U". (5.3)



These statistics were introduced by Mardia (1970) to assess deviations from multivariate normality,
in models where the regressor matrix reduces to a vector of ones (the location-scale model). Zhou
proposed to use them aswell to test eliptically symmetric distributions, without however providing
afinite-sampletheory for their application to least squaresresidualsfrom MLR models _alimitation
pointed out by Zhou (1993, p. 1935, footnote 5) himself.

In order to obtain provably valid G F testsin MLR models, we shall use the following charac-
terization of the distribution of SK and KU statisticsin MLR models.

Proposition 5.1 DISTRIBUTION OF THE MULTIVARIATE SKEWNESS AND KURTOSIS TEST
STATISTICS. Under (2.4), and for all error distributions compatible with (2.8), the multivariate
skewness and kurtosis criteria (5.1) and (5.2) are distributed, respectively, like 5 37 S°7 a2,
and = >°1_ | d?,, whered,; arethe (s, t)-th element of the matrix D = MW (W’J\Z]\ZI/V)*1 W'M,
M=1/T)I-X(X'X)"'XJandW = [W1, ..., Wr]".

The proof of latter proposition is given in Appendix B.2. This proposition shows that the statis-
tics SK and KU follow null distributions without nuisance parameters. In the literature on multi-
variate normality tests, this property isrecognized (under normality) in models where the regressors
reduce to a vector of ones. Proposition 5.1 entails that nuisance parameter invariance holds even
though residuals (rather than observable variables) are used to construct the skewness and kurtosis
statistics. This implies that the MC tests method can be straightforwardly applied to test any dis-
tributions compatible with (2.8), including the normal. Before implementing these tests, we shall,
however, consider two further adjustments; (1) a simulation-based “centering” of the test statistics;
(2) aformal procedure for combining them into asingle test.

The statistics SK and KU are not unbiased estimators of the relevant moments, especialy for
non-normal distributions. To avoid corresponding biases (and power losses) in the tests based on
these statistics, it appears desirable to “center” the test statistics with respect to their mean under
the error distribution tested. Further, such a centering can simplify the construction of two-sided
tests (which are relevant in the present problem). We thus propose the following modification: we
consider aternative measures of skewness and kurtosisin excess of expected values consistent with
(2.112). For v given, our modified tests are pivotal under the null hypothesiswhich justifiesan MMC
test technique, maximizing overal v. We next propose an exact combined skewness-kurtosis test.
Our proposed modified statistics take the following form:

ESK(vo) = |SK —SK(v)|, (5.4)
EKU(vg) = |KU—KU(v)|, (5.5)

where SK (vg) and KU () are simulation-based estimates of the expected SK and KU given
(2.11). These may be obtained, given v, by drawing Ny samples of 1" observations from (2.11),
then computing the corresponding average measures of skewness and kurtosis; see Appendix B.2.1.°

To obtain an exact test based on these criteria, we apply the MC technique [as described in
Appendix B.1]. Note that the observed and ssimulated statistics have to be obtained conditional

°For the Gaussian case, onemay use SK = 0 and KU = n(n + 2); see Mardia (1970).
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on the same SK (vg) and KU (vy); see Appendix B.2.2 for further details. This ensures that they
remain exchangeable, which provides, along with Proposition 5.1, the necessary conditions for the
validity of the MC p-valuesin B5; see Dufour (2002).

This procedure allows to obtain size correct individual p-values for each test stetistic. The
problem of combining the skewness and kurtosis tests remains unanswered. To avoid relying on
Boole-Bonferroni rules, we propose the following combined test statistic, which may be used for
all null hypotheses underlying Proposition 5.1:

CSK =1—min {p(ESK (vo)|vo), p(EKU(vo)|vo) } (5.6)

wherethe subscript NV (previously used in the notation for theindividual MC p-values) is suppressed
to simplify notation. Theintuition underlying this combined criterionisto reject the null hypothesis
if at least one of theindividual testsis significant; for convenience, we subtract the minimum p-value
from one to obtain aright-sided test. The MC test technique may once again be applied to obtain a
test based on the combined statistic; details of the algorithm can be found in Appendix B.2.3. For
further reference on such combined tests, see Dufour and Khalaf (2002b), Dufour, Khalaf, Bernard
and Genest (2001) and Dufour and Khalaf (2002c).

5.2. Multivariatetests for GARCH effects and variancer atio tests

We now consider tests for departure from i.i.d. errors, specifically, tests for GARCH effects and
variance ratio tests. If one pursues a univariate approach, these standard tests may be applied to
each equation in the system (2.2). For instance, the Engle GARCH test statistic for equation 4,
which we will denote E; is given by TR?, where T is the sample size, R? is the coefficient of
determination in the regression of the equation’s squared OL Sresiduals 4, on aconstant and a%tw
(j=1, ..., q); see Engle (1982) and Lee (1991). Lee and King (1993) proposed an alternative
test which exploits the one-sided nature of H 4. The test statistic is

where 67 = % Ethl @2, and its asymptotic null distribution is standard normal. The variance ratio
test statistic [ Lo and MacKinlay (1988, 1989)] is.

J .
VRi=1+2) (1- %)p,.j (5.8)
j=1
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where

S Gt
Pij = J , j=1,...,J, (5.9

Zt 1 utz

are empirical residual autocorreations. The latter statistic estimates the ratio

V(Ui — ip—)
JV(U)

where V(u;; — ;- 7) is the variance of the lag differences ;; — 4,7, and V(4,) isthe residual
variance. In asingle equation perspective, under i.i.d. errors, V(@ — t;¢—s) iS J times V(G ),
hence deviations from a ratio of one are considered evidence against the null hypothesis. The
asymptotic null distribution of this statisticis

asy

VR, — 1~ N[0, 2(2] — 1)(J —1)/3J] . (5.10)

In Dufour, Khalaf, Bernard and Genest (2001), we showed that the Engle and Lee-King test criteria
are nuisance-parameter-free under the homoskedasticity hypothesis, in a single equation setting.
We establish the same property in the case of the variance ratio test in Dufour and Khalaf (2002a).
This ensures that the MC versions of these tests are valid univariate tests (and preferred to the
asymptotic tests). However, it is well known that such univariate tests may not be appropriate in
multivariate regressions. Thisis mainly due to two statistical problems. First, as pointed out above,
the error covariance, which appears as anuisance parameter, istypically not taken into consideration
if a series of univariate tests are applied. Second, the problem of combining test decisions overall
equations is not straightforward, since the individual tests are not independent. For further useful
insight on this problem in finance, see Shanken (1990).

In view of this, we consider the following multivariate modification of these tests [see Dufour,
Khalaf and Beaulieu (2001)]. Let W;; denote the elements of the standardized residual s matrix

W=U0U'U)"? (5.11)

where (U'U )~/ refersto theinverse of a Cholesky-type decomposition of /’U. Obtain standard-
ized versions of the univariate Engle, Lee-King and variance ratio test, denoted E; LK; ad VR;,
replacing i;; by Wy, inthe formulafor these statistics. In Dufour, Khalaf and Beaulieu (2001) we
show that for al error distributions compatible with (2.8), W has a distribution which is completely
determined by the distribution of 1V given X'. Hence any statistic which depends on the data only
through W hasadistribution which isinvariant to B and X, under (2.8). It followsthat under (2.8),
the joint (across eguations) null distributions of E;, LK and VR do not depend on B and ..

To obtain combined inference across equation, we propose a combination method similar to the
one we used in Section 5.1. The combined statistics are:

E = 1- 12123” [p(E,)] , (5.12)
LK = 1- 112121 [p(LK )] (5.13)
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VR=1- min P(VR)] , (5.14)
where p(E;), p([/;[/(@-) and p(‘//\éi) refer to p-values; these may be obtained applying a MC test
method, or using asymptotic null distributions (to cut execution time). Then apply aMMC test pro-
cedure to the combined statistic imposing (2.11). In Appendix B, we provideaMMZC test algorithm
for any criterion which is a pivotal function of X and 1, where the distribution of 17 depends on
the parameter v. We use the same confidence set for v as in the MMC mean-variance efficiency
test. The overall procedure remains exact even if approximate individual p-values are used, if the
p-value of the combined test is obtained applying the MM C technique. Indeed, the property under-
lying exactnessisjoint pivotality, which was achieved by using standardized residuals.

6. Empirical analysis

Our empirical analysis focuses on mean-variance efficiency tests of the market portfolio [formally,
tests of (2.3) in the context of (2.2)] with different distributional assumptions on stock market re-
turns. We use nomina monthly returns over the period going from January 1926 to December
1995, obtained from the University of Chicago’s Center for Research in Security Prices (CRSP).
Asin Breeden, Gibbons and Litzenberger (1989), our datainclude 12 portfolios of New York Stock
Exchange (NY SE) firms grouped by standard two-digit industrial classification (SIC). Table 1 pro-
vides a list of the different sectors used as well as the SIC codes included in the analysis.'® For
each month the industry portfolios comprise those firms for which the return, the price per com-
mon share and the number of shares outstanding are recorded by CRSP. Furthermore, portfolios
are value-weighted in each month. In order to assess the testable implications of the asset pricing
models, we measure the market return by the value-weighted NY SE returns, also available from
CRSP. Therisk-free rate is measured by the one-month Treasury Bill rate, also from CRSP.

Our results are summarized in Tables 2 and 3. All MC tests where applied with 999 replications.
Asusual in this literature, we estimate and test the mode! over intervals of 5 years.'* We report in
columns (1)-(3) of Table 2, the p-values of the exact multi-normality tests based on ESK, EKU
and CSK (see Section 5.1). These tests allow us to evaluate whether observed residuals exhibit
non-gaussian behavior through excess skewness and kurtosis. For most subperiods, normality is
rejected. These results are interesting since, although it iswell accepted in the finance literature that
continuously compounded returns are skewed and leptokurtic, empirical evidence of non-normality
isweaker for monthly data; for instance, Affleck-Graves and McDonald (1989) reject normality in
about 50% of the stocks they study. Our results, which are exact (i.e., cannot reject spuriously),
indicate much stronger evidence against normality. Thisalso confirmsthe results of Richardson and
Smith (1993) who provide evidence against multivariate normality based on asymptotic tests; see
aso Fiorentini, Sentana and Calzolari (2000). Of course, this evidence provides further motivation
for using our approach to test mean-variance efficiency under non-gaussian errors.

1°Note that asin Breeden et al. (1989), firmswith SIC code 39 (Miscellaneous manufacturing industries) are excluded
from the dataset for portfolio formation.

"\We ran the analysis with October 1987 and January returns over 5 and 10 year subperiods as well as without those
observations over 10 year subperiods. Our results are not significantly affected by such modifications.
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Table 1. Portfolio definitions

Portfolio number Industry Name Two-digit SIC codes
1 Petroleum 13,29
2 Finance and real estate 60-69
3 Consumer durables 25, 30, 36, 37, 50, 55, 57
4 Basic industries 10, 12, 14, 24, 26, 28, 33
5 Food and tobacco 1,20,21,54
6 Construction 15-17, 32, 52
7 Capital goods 34, 35, 38
8 Transportation 40-42, 44, 45, 47
9 Utilities 46, 48, 49
10 Textile and trade 22,23, 31, 51, 53, 56, 59
11 Services 72,73, 75, 80, 82, 89
12 Leisure 27,58, 70, 78, 79

Note _ Thistable presents portfolios according to their number and sector as well as the SIC codes included
in each portfolio using the same classification as Breeden et al. (1989).

In columns (4)-(7) of Table 2, we present the LR statistics for mean-variance efficiency, the
corresponding asymptotic p-values obtained from the asymptotic y2(n — 1) distribution (p.. ), the
exact gaussian-based MC p-values (pyr), and the maximized MC p-values based on the Student-
t error model (Qr). The confidence set C(Y') for the number of degrees of freedom « appears
in column (8). These results allow one to compare rejection decisions across different distribu-
tional assumptions on the returns of the 12 portfolios. Similarly in columns (1)-(5) of Table 3,
we report our set estimates of 7 and w; for presentation simplicity, the confidence region is sum-
marized as follows: we give the confidence set for w corresponding to five different values of =
[ = 0.1, 0.2, 0.3, 0.4, 0.5]. Column (6) of Table 3 present the largest mixture-of-normals based
MC p-values associated with the efficiency LR statistic [reported in column (4) of Table 2]. This
empirical evidence shows that asymptotic p-values are quite often spuriously significant (e.g., for
1941-55). Furthermore, the maximal p-values exceed the gaussian-based p-value. It is“easier” to
reject the testable implications under normality. Conversely, recall that the gaussian model obtains
ask — oo. S0, if par exceeds the significance level, the largest p-value a fortiori also exceeds
the significance level. Thus the decision implied by a non-significant gaussian p-value is exactly
conclusive (i.e., thereis no need to reconsider ¢-based p-valuesif ps failsto reject). For instance, at
the 5% level of confidence, we find ten rejections of the null hypothesis for the asymptotic x2(11)
test, nine for the MC p-values under normality, six for the MC under the Student-¢ distribution and,
as shown on the last column of Table 3, seven under the mixtures of normal distributions.*?> These

20ur tests for MC p-values under the Student and mixtures of normals distributions are joint tests for nuisance param-
eters consistent with the data and the mean-variance efficiency hypothesis. Since we have attributed alevel of 2.5% to the
construction of the confidence set, to establish afair comparison with the MC p-values under the normality assumption or
the asymptotic p-values, we must refer the p-values for the efficiency tests under the Student and the mixtures of normals
distributions to 2.5%.
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Table 2. Normality and mean-variance efficiency tests

Normality tests Testsof He

- @ 6 4 ® [ ©® O ©

Sample | SK KU CSK | LR Po | PN | Qu C(Y)
1927-30 | .001 .001 | .001 | 16.104 | .1866 | .364 | .357 3-12
1931-35 | .001 .001 | .001 | 16.257 | .1798 | .313 | .322 3-8
1936-40 | .001 .001 | .001 | 16.018 | .1904 | .319 | .333 4-26
1941-45 | .004 .002 | .004 | 25.869 | .0112 | .045 | .049 >5
1946-50 | .001 .001 | .001 | 37.196 | .0002 | .003 | .004 4-26
1951-55 | .001 .002 | .001 | 36.510 | .0003 | .004 [ .005 5-31
1956-60 | .024 .003 | .003 | 43.841 | .0000 | .002 | .002 >5
1961-65 | .594 479 | .631 | 39.098 | .0001 | .002 | .002 >7
1966-70 | .011 .002 | .004 | 36.794 | .0002 | .003 | .003 >5
1971-75 | .001 .002 | .001 | 21.094 | .0490 | .120 | .129 4-24
1976-80 | .001 .001 | .001 | 28.373 | .0049 | .023 | .026 4-17
1981-85 | .001 .001 | .001 | 27.189 | .0073 | .033 | .035 5-34
1986-90 | .028 .020 | .030 | 35.747 | .0007 | .003 | .005 >5
1991-95 | .177 .311 | .239 | 16.752 | .1592 | .299 [ .305 > 15

Notes _ Numbers in columns (1)-(3) represent p-values for multinormality tests: numbersin (1)-(2) pertain
to the null hypothesis of respectively no excess skewness and no excess kurtosis in the residuals of each
subperiod. The p-values in column (3) correspond to the combined statistic C'S' K designed for joint tests
of the presence of skewness and kurtosis; individual and joint statistics obtain applying (5.5), (5.5) and (5.6)
given multivariate normal errors. p-values are MC pivotal statistics based. Column (4) presents the quasi-
LR stetistic defined in (3.12) to test H¢o [see (2.3)]; columns (5), (6) and (7) are the associated p-values
using, respectively, the asymptotic x2 (n) distribution, the pivotal statistics based MC test method imposing
multivariate normal regression errors, and an MMC confidence set based method imposing multivariate ¢(x)
errors which yields the largest MC p-value for al x within the specified confidence set. The latter is reported
in column (8). See Section 4.2 for details on the construction of the confidence set: the values of « in this
set are not rejected by the joint test GF test associated with (5.6) under multivariate Student-¢ errors. See
Appendix B for description of MC tests. January and October 1987 returns are excluded from the dataset.
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Table 3. Tests of mean-variance efficiency with multivariate normal mixture errors

Confidence set for 7, w LR
€ %) 3 4) (5) (6)
Sample | 7r=.1 n=2 7n7=3 7n7=4 7m=.5| Qu
1927-30 | >1.7 16-28 16-25 16-25 1.6-2.6| .382
1931-35 | >21 1930 1927 1927 21-30] .313
1966-40 | 1.5-35 1.4-23 14-20 1522 1420 .328
1941-45 | 1.3-3.0 13-21 1319 13-20 13-19] .043
1946-50 | 1.5-35 14-22 14-20 14-23 14-20] .003
1951-55 | 1.4-35 14-22 14-20 13-21 14-20] .003
1956-60 | 1.3-28 1.2-20 12-19 1019 12-19] .002
1961-65 | 1.0-22 1.0-1.7 1015 1015 10-1.5] .002
1966-70 | 1.3-2.8 1.3-20 13-19 13-1.8 12-19| .002
1971-75 | 1.5-35 1522 14-20 14-22 14-20] .128
1976-80 | 1.6-4.0 1525 1522 1524 1523].022
1981-85 | 1.4-35 14-22 1320 1421 1424 .030
1986-90 | 1.1-3.0 1.1-20 1.1-19 1019 1.1-1.7| .004
1991-95 | 1.0-19 <15 <13 1014 1013/ .306

Note _ Numbers in columns (1)-(5) represent a confidence set for the parameters (7, w) [respectively, the
probability of mixing and the ratio of scales] of the multivariate mixtures-of-normal error distribution. See
Section 4.2 for details on the construction of the confidence set: the values of (7, w) in this set are not
rejected by the joint test GF test associated with (5.6) under multivariate mixture errors. The maximum of
the p-value occursin the closed interval for w. Column (6) presentsa MMC p-value relative to the quasi-LR
statistic defined in (3.12) to test H [see (2.3)]; the observed values of this statistic are reported in Table 2,
column (4). The MMC p-value is the largest MC p-value for al (7, w) within the reported confidence set.
The maximum of the p-value occursin the closed interval for w. See Appendix B for description of MC tests.
January and October 1987 returns are excluded from the dataset.
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findings differ from those of Zhou (1991), who found no change in rejection rates of mean-variance
efficiency using elliptical distributions other than the normal. This difference can be explained
by the fact that Zhou did not explicitly account for nuisance parameters. Interestingly, whenever
the results obtained under non-gaussian distributions differ from those obtained under the gaussian
distribution, the gaussian distributional assumption is strongly rejected.

Our results clearly indicate that GRS-type tests are sensitive to the hypothesized error distri-
bution. Of course, this observation is relevant when the hypothesized distributions are empirically
consistent with the data. Focusing on the ¢ and mixture distributions with parameters not rejected
by exact GF tests, we see that the decision of the MMC mean-variance efficiency test can change
relative to the F'-based test.

Figures 1 to 14 illustrate how the p-value varies overall C(Y") for the ¢-distribution. Although
C(Y) isquite wide, it is evident from Figures 1-14 that restricting this set further does not have a
strong influence on the decision. Specifically, the p-values do not seem to fluctuate alot throughout
C(Y), at least in this application.

It is usual to aggregate the efficiency test results overall subperiods, in some manner. For in-
stance, Gibbons and Shanken (1987) propose two aggregate statistics which, in terms of our nota
tion, may be expressed as follows:

14 14
GS1==2) In(pwli)), GS2 = (pxlj)) (6.1)
j=1 =1

where [5] refers to the sub-periods, and ¥ —!(.) provides the standard normal deviate corresponding
to par[j]. If the mean-variance efficiency hypothesis holds across all subperiods, then GS; ~
x2(2 x 14) whereas GSy ~ N(0, 14). It is worth noting that the same aggregation methods can
be applied to our test problem even under (2.11) by replacing, in (6.1), px[j] with Qrr;), the MMC
p-values obtained imposing (2.11). Indeed, as is observed by Gibbons and Shanken (1987), the
F-distribution is not necessary to obtain the null distribution of these combined statistics. All what
is needed isa continuous null distribution (a hypothesis satisfied given normal, Student ¢ or mixture
errors) and, of course, independence across subperiods. Our results, under normal, Student ¢ and
mixture errors respectively, are: GS7 = 102.264, 101.658 and 105.464 and G.So = 28.476, 28.397
and 28.476; all associated p-values are smaller than .0000. If independence is upheld asin Gibbons
and Shanken (1987), this implies that mean-variance efficiency isjointly rejected with our data.'®
Finally, Table 4 presents the results of our multivariate exact diagnostic checks for departures
from the i.i.d. assumption, namely our proposed multivariate versions of the Engle, Lee-King and
variance ratio tests; we use 12 months-lags.** The results show very few rejections of the null hy-

13Note that even if one questions independence and prefers to combine using Bonferroni-based criteria, the smallest
p-value is .002 which when referred to .025/14 ~ .002 comes close to a rejection. In the context of a MC with 999
replications, the smallest possible p-values are .001, .002 and so on so forth. To allow afair Bonferroni test, it ispreferable
to consider the level .028/14 = .002. Thismeans that in every period, the pre-test confidence set should be applied with
a1 = 2.2% to alow 2.8% to the mean-variance efficiency test. The results reported in the above Tables are robust to this
change of levels.

1We have also run univariate diagnostic checks. For space considerations, we only report the multivariate results.
Note that the univariate test results are available upon request.
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Figure 1: MC GRS test (excluding January), 1927—-30

Figure 2: MC GRS test (excluding January), 1931-35
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Note _ Using the Student-¢ distribution, each figure represents the Monte Carlo probability of rejecting the
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, n associated with the degrees of freedom on the confidence set with

the continuous line. The dash line represents the Monte-Carlo p-value of rejecting H¢ using the normality

assumption.
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Table 4. Multivariate diagnostics

Normal errors Student-t errors Mixture errors
m @ 1@ 6 6| MO 6
Sample | E LK VR| E LK VR| E LK VR
1927-30 | .001 .356 .004 | .013 .301 .004 | .155 .335 .004
1931-35 | .022 .748 .069 | .082 .659 .066 | .208 .671 .080
1936-40 | .075 612 .855| .124 587 .867 | .150 .672 .864
1941-45 | .824 979 .163 | .843 982 .177 | .831 .979 .175
1946-50 | .003 .804 .063 | .017 .784 .068 | .029 .772 .072
1951-55 | .139 .353 .111| .168 .321 .120 | .190 .326 .120
1956-60 | .987 .628 .093 | .994 628 .095 | .996 .625 .099
1961-65 | .339 .207 577 | .375 .195 584 | .344 .207 .592
1966-70 | .027 .274 .821 | .043 .278 .847 | .065 .288 .846
1971-75 | .280 .224 .218 | .316 .212 .224 | .326 .207 .217
1976-80 | .004 .011 .165| .016 .013 .183 | .043 .009 .184
1981-85 | .027 .103 .208 | .050 .103 .217 | .081 .095 .223
1986-90 | .033 453 .346 | .077 .442 366 | .089 .455 .357
1991-95 | .803 .236 .088 | .821 .237 .092 | .816 .252 .092

Note _ Numbers shown are p-values associated with the combined tests E , LK ,and ﬁ defined by (5.12),
(5.13) and (5.14). E and LK are multivariate versions of Engle’s and Lee and King's GARCH tests and
V R isamultivariate version of Lo and MacKinlay’s variance ratio tests; see Section 5.2. In columns (1)-(3),
the p-values are M C pivotal statistics based; p-valuesin columns (4)-(9) are MM C confidence set based. The
relevant 2.5% confidence set for the nuisance parametersisreported in Table 2, column (8) for the multivariate
Student-¢ distribution, and in Table 3, columns (1)-(5) for the multivariate mixture-of-normals distribution.
See Appendix B for description of MC tests. January and October 1987 returns are excluded from the dataset.

pothesis both at the 1% and 5% level of significance. Thisimpliesthat, in our statistical framework,
i.i.d. errors provide an acceptable working assumption.

7. Conclusion

We have shown that in gaussian or non-gaussian contexts, the exact test procedure proposed in
Dufour and Khalaf (2002d) may be used to perform a mean-variance efficiency test of the market
portfolio. We have specificaly illustrated how to deal in finite samples with Student-¢ errors and
multivariate mixtures of normals, with possibly unknown parameters.

Our empirical results are important for assessing the reliability and empirical performance of
the CAPM. It appears that the normality assumption is too restrictive given the observed finan-
cial return data, even with monthly data. First, while our exact multivariate GF tests conclusively
reject normality, Student-¢ or mixtures-of-normals are consistent with our data. Furthermore, we
show that mean-variance efficiency exact tests which formally take these non-normal distributions
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into consideration fail to reject mean-variance efficiency for 3 out of 9 subperiods for which the
gaussian-based test is significant. It appears that the distributional set-up is crucial when testing
mean-variance efficiency. This suggests that more work is needed from atheoretical perspective to
better circumscribe the necessary and sufficient distributional hypotheses underlying fundamental
asset pricing models.

Although we focused on mean-variance efficiency tests, it is worth emphasizing that our pro-
posed methodol ogy appliesto several interesting asset pricing testsincluding many problemswhere
the Hotelling test [exploited by GRS and MacKinlay (1987)] and Rao’s F' test [see Stewart (1997)
and (A.4) in Appendix A.1] have been used. Although, in view of its fundamental importance,
mean-variance efficiency is one of the first and very few MLR-based problems which have been
approached from an exact perspective, afew authors have recognized that hypotheses dealing with
the joint significance of the coefficients of two regression coefficients across equations can also be
tested exactly applying Rao’s F' test. Examplesinclude inter-temporal asset pricing testsin Shanken
(1990, footnote 18). Furthermore, as discussed in Shanken (1996), econometric tests of spanning
fall within this class. Indeed, spanning tests [see Jobson and Korkie (1989), Kan and Zhou (2001)]
may be written in terms of a model of the GRS form. The hypothesis is however more restrictive,
in the sense that over and above the restriction on the intercepts, the betas for each regression are
required to sum to one. These hypotheses fit into our UL framework. The results in this paper
extend available exact tests of these important financial problems beyond the gaussian context.

The fact remains that the results presented in this paper are specific to UL hypotheses. Recall
that not all linear hypotheses may be cast in this form. We study extensions to non-linear problems
including tests of Black’s version of the CAPM in Beaulieu et al. (2001). Finally, we note that an
apparent shortcoming of our exact tests comes from the fact that the right-hand-side benchmark
may be observed with errors. The development of exact tests which correct for error-in-variable
problemsis an appealing idea for future research.

22



Appendix

A. Appendix: Finite-sampledistributional theory

The results in this Appendix pertain to any asset pricing model which may be cast in terms of the
MLR given by (2.4) and (2.8).

A.l. General uniform linear restrictionstests

In this section, we discuss the testing of constraints on regression coefficients of the UL form (2.6).
On observing that (2.6) corresponds to (E' @ H) vec(B) = wvec(A), it is clear that not al linear
hypotheses can be cast in the UL form. The associated gaussian quasi-LR statistic is:

LR =T In(|%|/|2]) = T In(A) , (A.1)

where 4 = |%|/|2| and X is the constrained MLE of X. The statistic A corresponds to the
inverse of the well known Wilks statistic. The following exact distributional results are proved in
Dufour and Khalaf (2002d).

Theorem A.1 DISTRIBUTION OF THE QUASI-LR UNIFORM-LINEAR HYPOTHESIS TEST
STATISTIC. Under (2.4), (2.8) and (2.6), the statistic

A=Znl/|12| (A2)
isdistributed like
AW) = |[EW'MWE| [ |E'W' MWE)| (A3)
where 3, and X are the constrained and unconstrained MLE of X, W = [W7y, ... , W,] and

My = M+ XX'X)'H'[HXX)'H|'"HX'X)"'X',
M = I-X(X'X)"'X.

For certain values of h and e and normal errors, the null distribution reduces to the F' distribu-
tion. For instance, if min(h, e) < 2, then

-2
%(/11/7 —1) ~ F(he, pr —2)\) (A4
where
he — 2 (e—h+1)
A= =T —k—~— "
g 0P 5 :
L@@ - e —5) 7 iR e —5>0,
1, otherwise.
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Further, the special case h = 1 leadsto Hotelling’s T2 criterion which isamonotonic function of A .
If h > 2ande > 2, then the distributional result (A.4) holds asymptotically [Rao (1973, Chapter
8)]. Stewart (1997) provides an extensive discussion of these special F' tests. Of course, these
results are restricted to UL hypotheses of the form (2.8). However, beside this specific hypothesis
class, the null distribution of the LR statistic is not nuisance-parameter-free.

A.2. Invariance of lack-of-fit tests
Proof of Proposition 5.1. On observing that ' = MU and U = W.J’, we see that

U)ot = MUU'MU)TIU'M
= MU YJOUMU) IO M
= MUY (YU MUY ] UM
= MW (WMW) WM.
Since (2.8) entails that 17 has aknown distribution, it follows that U7 (U’0) 1" (and consequently

SK and KU) are completely determined by the distribution of W (given X). Thisis the same
method of proof which led to Theorem A.1.

B. Appendix: Monte Carlo tests

The Monte Carlo (MC) test procedure goes back to Dwass (1957) and Barnard (1963). Here we
summarize the underlying methodology (given aright tailed test), as it applies to the test statistics
we consider in this paper. A general discussion isavailable in Dufour and Khalaf (2001) and Dufour
(2002).

B.1. General method

Let us first consider the case of a pivotal dtatistic, i.e. the case where the statistic at hand, say
S(y, X) can bewritten asapivotal function of 17 [defined in (2.8)], formally

Sy, X) =S (W, X),

where W isdefined by (2.8), and the distribution of the rows of W isknown. Thisisthe case where
the conditional distribution of S(y, X), given X, is completely determined by the matrix X and
the conditional distribution of W given X.

1. Let S(g) denote the observed test statistic.

2. By Monte Carlo methods, draw N i.i.d. replications of W :
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3. From each simulated error matrix W), compute the statistics

For instance, in the case of the QLR dtatistic underlying Theorem A.1, calculate
(Wi MWl /IWi MWyl j=1, ..., N.

4. Compute the MC p-value

P (S(0)) Nl : (B.1)
where N
- 1 o |1, ifxeA,
Ox(@) =y LTt (8-, T ={ ¢ T4
]:
In other words, NG (S(g)) is the number of simulated criteria > S(p) and Ry (S)) =
N — NGn(S(g) + 1 givestherank of S, in the series S(g), S, ..., Sw.
5. The MC critical regionis
ﬁN(S(O)) <a, O<a<l. (B.3)
If a(N + 1) isan integer,
P(Ho) [ﬁN(S(O)) S Oé] = . (B.4)

The above algorithm isvalid for any fully specified distribution of 1/7. Consider now the case where
the distribution of W involves a nuisance parameter asin (2.11). In this case, given v, (B.1) yields
a MC p-value which we will denote py (S(g)|v) where the conditioning on v is emphasized for
further reference. The test defined by px (S(o)|v) < a isexactly size correct (in the sense of (B.4))
for known v. Treating v as aformal nuisance parameter, the test based on

sup [Py (S()|v)] < a (B.5)
v E Py

where &g is a nuisance parameter set consistent with Hy, is exact at level «; see Dufour (2002).
Note that no asymptotics on the number N of MC replicationsis required to obtain the latter result;
thisisthe fundamental difference between the latter procedure and the (closely related) parametric
bootstrap method, which in this context would correspond to test based on py (S(o)|20), Where g is
any point estimate of . In Dufour and Khalaf (2002c), we call the test based on simulations using
apoint nuisance parameter estimate alocal MC (LMC) test. Theterm local reflects the fact that the
underlying MC p-value is based on a specific choice for the nuisance parameter. Furthermore, we
show that LMC non-rejections are exactly conclusive in the following sense: if pn (S(g)l20) > «a,
then the exact test MMC test is clearly not significant at level «.

25



B.2. MC skewnessand kurtosistests

The agorithm for implementing the MC skewness and kurtosis tests can de decomposed in three
wide steps.

B.2.1. Estimating expected skewness and kurtosis

Al. Draw Ny i.i.d.replications, W, = [V_Vl(i), e _,Si)], i=1, ..., Np, conforming with the
hypothesized distribution with v = v .

A2. From each smulated error matrix W(Z»), compute
R T
MW [W(/i)MW(i)} W('Z-)M, i=1,..., Np.
These provide N replications of SK and KU, applying (5.1) and (5.2), namely: SK ;) and

KU(Z), i=1,..., Ny.

A3. Caculate the average values:

Two questions arise at this stage: (i) how to obtain exact cut-off points for (5.4) and (5.5),
and (ii) how to obtain a size-correct simultaneous test which combines (5.4) and (5.5). Let usfirst
address the individual p-valuesissue, which may be run asin Appendix B.1 above.

B.2.2. Individual excess skewnessand kurtosistests
Bl. Let ESK o) and EKU () denote the observed test statistics.
B2. For agiven number Ny of replications, and independently from the simulati on perfqrmed to
obtain SK (vo) and KU (vo) (i.e. step Al above), draw W ;) = wi, o w), =
1, ..., Ny, conforming with (2.9).

B3. From each simulated error matrix W), compute

_ _ —1 _
MW [W(IJ)MW(J')} WM, j=1,..., N,

and, on applying (5.1) and (5.2), N; replications of SK and KU : SK ;) and KUy, j =
1, ..., Ny

B4. Conditioning on SK (vq) and KU (vo) [generated only once as in steps A1-A3], obtain, ap-
plying (5.4) and (5.5), N; replicationsof ESK and EKU :

ESK(]) and EKU(j), j=1,..., Nj.
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BS. Obtain  (respectively) the ranks of FESK, and FEKUg in the series
{ESKy, ESK(1), ..., ESK(n,)} and {EKU, EKUy), ..., EKUy,)} respec-
tively; applying (B.1), these yield the MC p-values p, (ES K g)|vo) and pn, (EK U |vo).

B.2.3. Combined excess skewness and kurtosis test

C1. Using the function p, (z|vo) obtained from the simulations performed over the steps B.2.1
and B.2.2, compute the observed value of the combined test statistic:

CSK(O) =1 —min {ﬁNl(ESK(O)‘VQ), ﬁNl (EKU(O)‘V())} .

C2. Generate N i.i.d. replications of SK and KU, independently of the values simulated over the
stepsB.2.1 and B.2.2, and compute the corresponding excess skewness and kurtosis statistics:

ESKyq, EKUyp, 1=1,2,...,N. (B.6)

For each replication, the centering values SK (o) and KU (v) are identical to the ones
generated in step B.2.1.

C3. Using thefunction py, (x|v() aready defined, compute the combined test statistics associated
with the statistics generated in the previous step:

CSK(Z) =1 —min {ﬁNl(ESKl(Z)‘VO)7 ﬁNl (EKUl(Z)‘I/())} 5 l= 1, 2, ceey N. (B?)

C4. Obtain the rank of the observed statistic C'SK gy, within the simulated series, and derive the
corresponding p-value, which we will denote p (C'S K g)|vo) -

The null hypothesisis rejected if pn (C'SK g)|vo) < a. Thistest haslevel a because the vari-
ablesCSK), 1 =0, 1, ..., N, are exchangeable under the null hypothesis. In the applications
presented in this paper, we used the values Nyo = N1 = N.
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